Introduction
The pioneering work by Guadagni and Little (1983) has led to not only a large academic literature in studying brand choice, but also many marketing applications in practice (Guadagni and Little 2008) . The majority of applied brand choice studies estimate the quality of brands by assuming that consumers have complete information, and use revealed preference data to recover the vertically differentiated quality levels. Nevertheless, it is common that consumers do not know the quality of all brands available to them, and just choose a small subset of brands that they are familiar with, even though the actual quality of other brands could be higher. For instance, some store brands may have very high quality, but many consumers refuse to even try them. If we ignore this potential incomplete information problem, estimating static brand choice models may lead to biased inference in the true quality of products. To address this problem, academic research in marketing and economics has extended traditional static brand choice models to explicitly allow for consumer learning in the past 15 years (e.g., Erdem and Keane 1996 , Ching 2000 , Ackerberg 2003 , Mehta et al. 2003 , Coscelli and Shum 2004 , Crawford and Shum 2005 , Anand and Shachar 2005 , Erdem et al. 2008 , Ching 2008 , Ching and Ishihara 2009 , Narayanan and Manchanda 2009 . 1 With the aid of the structure of learning models, this literature is able to draw inference on the extent of incomplete information from revealed preference data. However, one common criticism of this approach is that the exact structure imposed (e.g., consumers are assumed to be Bayesian learners) may not be a good proxy for the actual learning behavior. As a result, the estimates obtained from these structural models could be biased due to functional form misspecification. Moreover, this type of structural models is difficult to estimate for reasons involving both computational burdens, as well as challenging empirical identification issues. Such difficulties have also hindered and discouraged practitioners from using them.
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In this paper, we provide an alternative way to examine how much consumers know about the quality of durable products. Our key insight is that for products depreciate over time and require repeated purchases, observed individuals' inter-purchase spells provide an objective measure of brand qualities in terms of durability. This is simply because the higher the durability, the longer a product can last in general, and hence its observed inter-purchase spells should also be longer. Based on this argument, we use a scanner panel data set for diapers to estimate both the subjective perceived brand qualities (based on revealed preference data) and the objective brand qualities (based on brand-specific inter-purchase spells). 3 Our estimates allow us to compare these two measures of qualities and infer the extent of incomplete information faced by parents. With our results, we can address questions such as: Do parents make the right choice in the diapers category? Can they save some money by switching from a store brand to a national brand, or the other way around? How much savings can they get?
More specifically, the brand choice model that we use is a version of the Price Consideration (PC) Model proposed by . In the PC model, consumers do not always observe prices in each period. Every week, a consumer decides whether to consider a category. Only then does he/she look at prices and decide whether and what to buy. show that the PC Model is much more flexible than the multinomial logit (MNL) and nested multinomial logit models (NMNL), in particular, in explaining inter-purchase spells, and it is as easy to estimate as MNL and NMNL. Moreover, the structure of the PC model captures a well-documented stylized fact in marketing: many consumers or shoppers cannot recall or remember the prices of grocery products (e.g., Dickson and Sawyer 1990 , Vanhule and Dreze 2001 , Monroe and Lee 1999 . 4 In addition, it can be viewed as a reduced form model that complements structural dynamic models of stockpiling behavior (e.g., Erdem et al. 2003, Hendel and Nevo 2006) . In this paper, we argue that with some minor modifications, the PC model also provides a unified framework to estimate both the subjective and objective measures of brand qualities of durable products, and allow us to address the substantive questions listed above.
According to our estimates, we find evidence that consumers might be misinformed about the quality of products in the diaper category. In particular, most of the consumers in our sample perceive that Huggies is the best brand, while it is the worst in terms of durability among the four major alternatives; LUVS is perceived to be the worst brand in consumers' mind, but its diapers are the most durable. Since the average price of LUVS is lower than those of Huggies, the results indicate that consumers could potentially gain significant savings by switching from LUVS to Huggies.
The rest of the paper is organized as follows. In section 2, we discuss the PC Model and the econometric specification that we use. In section 3, we discuss our data set, and how we construct the variables. Section 4 presents our estimation results. Section 5 discusses the possible extensions and limitations of this study. Section 6 concludes.
The Price Consideration (PC) Model

Basic Structure and Properties of the PC model
The simplest version of the PC model takes the following form: Consider a category with J brands. In each time period t, prior to seeing prices, a consumer decides whether to consider the category. Let P Ct denote the probability the consumer considers the category in week t. If the consumer decides to consider the category, then he/she looks at prices, and a MNL model with a no-purchase option governs choice behavior. Let U jt = α j -βp jt + e jt denote utility of purchasing brand j at time t, where e jt is an extreme value error. Then, letting P t (j|C) denote the probability, conditional on considering the category, that the consumer chooses brand j at time t, we have:
Let option J+1 be no-purchase. Normalizing the deterministic part of its utility to zero, we have:
Then, the unconditional probability that the consumer buys brand j at time t is:
and the unconditional probability of no purchase is:
Econometric Model Specification
Now we turn to our detailed specification of the PC model. In week t, consumer i's probability of considering a category depends on a vector of category promotional activity variables (X ct ), household size (mem i ), household income (inc i ) and diaper size chosen in the previous purchase occasion (dsize i ), and most importantly, the inventory level (inv i ).
Specifically, let
We let X ct = ( ∑ ∑ , which measure the intensity of advertising and display activities for the category. The idea is that these promotional activities may draw consumers' attention to the category (Anderson and Simester 1998) , and may serve as price cue that would trigger consumers to recall prices of various brands in the category (Monroe and Lee 1999 an inventory variable instead of using the length of a purchase gap to approximate the inventory effects. 5 As we emphasized before, we would like to measure the "durability" of a brand. In other words, we need to model γ inv_i so that it depends on which brands household i purchased.
To achieve this goal, we model γ inv_i as follows.
In this formulation, if household i only purchased brand j,
If household i purchased brand 1 and 2 for equal amounts during the entire observed period,
Finally, γ i0 is a random coefficient that captures unobserved consumer heterogeneity in the likelihood of considering a category. This may arise because some consumers/households have higher usage rates than others. We assume that γ i0 is normally distributed. Now we turn to the second stage, where a consumer has decided to consider (but not necessarily buy) the category. Let U ijt denote utility to consumer i of purchasing brand j at time t.
We allow this utility to depend on observed and unobserved characteristics of the consumer, and interactions among consumer and brand characteristics. Specifically, for j = 1, …, J, let:
For j = J+1 (i.e., the no purchase option), let:
The α ij for j=1,…,J are a vector of brand intercepts that capture consumer i's tastes for the unobserved attributes of brand j. As utility is measured relative to the no purchase option, an intercept in (8) is not identified. X jt is a vector of observed attributes of brand j at time t, and β is a corresponding vector of utility weights. p jt is price of brand j at time t. We allow for observed heterogeneity in the marginal utility of consumption of the outside good. Thus, Z it is a vector of observed characteristics of consumer i at time t, and the price coefficient is given by φ p + Z it φ 1 .
The term GL(H ijt , δ) in (7) is the "brand loyalty" or state dependence variable defined by Guadagni and Little (1983) to capture the idea that a consumer who bought a brand frequently in the past is likely to buy it again. Here, H ijt is consumer i's purchase history for brand j prior to time t, and δ is the exponential smoothing parameter; λ is the coefficient mapping GL into the evaluation of utility. Thus, we have To capture possible correlation of consumer tastes among brands, the distribution of the vector α i is assumed to be multivariate normal. Finally, e ijt is an i.i.d. extreme value error term that captures the idiosyncratic taste of consumer i for brand j at time t. Thus, (7)- (8) is what is known as a "heterogeneous" MNL model (see, e.g., Harris and Keane, 1999 ) that allows for both heterogeneity and state dependence in choice behavior.
Construction of the Data Sets
We use the Nielsen scanner panel data on diaper for Los Angeles, Chicago and Atlanta.
The original sample contains 819 households. Each household in the sample was tracked for 157
weeks. We select household based on the following criteria: (a) the household needs to have at a 6 Thus, GL is an exponentially smoothed weighted average of lagged purchase indicators for brand j by consumer i. Of course, other forms of state dependence are possible, but this is one of the most common forms in marketing.
member who is under six years old; (b) age of the primary shoppers is below 55; (c) households cannot purchase too many diapers in any given weeks (we use 500 units as the cutoff); (d) households need to purchase at least 3 times and less than 60 times during the sample period.
A difficulty arises in forming the price variable because we model only purchase timing and brand choice, but not quantity choice. Yet each brand offers more than one package size, and price per ounce varies across package sizes. We need to have the price variable be on an equal footing across brands and weeks. We therefore follow Keane (1997) and make the following assumptions. First, we assume that the diaper size under consideration is exogenous, and is determined by: (a) If a household made a purchase in a particular week, the diaper size under consideration is the one that he/she bought; (b) If a household did not make a purchase in a particular week, the diaper size under consideration is the one that he/she bought last time. If we observe a household made a purchase in a particular week, the price of the brand chosen will be defined as the price he/she actually paid. How to define prices for brands that a household did not buy any diapers in that week? We assume that they face the weighted average price for each brand in the city that they live. The set of weights will vary across brands, diaper sizes, and cities. In each week, price for a brand is defined as the weighted average of the observed prices in that week as follows. We create the weight according to the conditional market share of package sizes of the brand for the entire sample within that city. We use the following example to illustrate our procedure. Suppose that for a given diaper size, Pampers offers three package sizes: A, B, C, and that their conditional market shares (within Pampers) for the entire sample in city X are ½, ¼, ¼, respectively. Suppose that in week t, we observe 10 households purchased package A, 13 households purchased package B, 2 households purchased package C in city X.
Note that they might purchase diapers from different stores, so the observed prices could vary within a particular package size even though the purchases were made in the same week. When we form the price index for Pampers in week t in city X, we carry out the following two steps: (i)
Take a simple average of the observed prices for a particular package size in week t. This gives us mean_P At , mean_P Bt , mean_P Ct ; (ii) Pamper's price index for a particular diaper size in city X in week t will then be the weighted average of mean_P At , mean_P Bt , mean_P Ct. The weight will be the conditional market shares for the entire sample of a particular diaper size by city. In the example above, the price index for Pamper in week t (for a particular diaper size) will be ½ * mean_P At + ¼ * mean_P Bt + ¼ * mean_P Ct . If no one purchased a particular brand in a particular week, in a particular city, we use weighted average price of the brand over the whole sample period to fill in the price.
How do we create the Ad and Display variables? To fix the idea, let's consider how we fill in the missing value of the Ad "A" variable for a particular brand. (Ad "A" refers to anything that draws extra attention to the product, such as pictures or enlarged words.) Same procedure applies to all other DISPLAY and AD variables. If a household bought diapers in a particular week, we observe which store he/she visited. We obtain the Ad "A" variable as follows: (1) Sort through all the data for a particular store in a particular week. If a consumer is found who bought a particular brand, then use the marked Ad "A" as the Ad "A" he/she faced for that brand in that store in that week; (2) If a household did not buy a particular brand in a particular store in a particular week, use the average observed Ad "A" for that particular brand in that store in that week to fill in the Ad "A" variable; (3) If no one bought a particular brand in a particular store in a particular week, then use the average Ad "A" of the brand in that store over the whole sample period to fill in the Ad "A." Note that if a household did not buy any diapers in a particular week, we do not observe which store(s) he/she visited, or whether he/she visited a store at all in that week. We fill in the Ad "A" as follows: (a) Sort through all the data for all stores in a particular week. Use the average observed Ad "A" for a particular brand in that particular week across ALL stores in a city to fill in the Ad "A" variable; (b) If no one bought a particular brand in any stores in a particular week, then use the average Ad "A" of the brand in the entire sample for ALL stores in a city to fill in the Ad "A."
Our econometric model specification allows household-level inventory variable to affect the probability of considering a category. However, we do not observe it in the data. Notice that the summation of the quantities does not include the final purchase. We next divide households into two categories.
First-Time Buyers
The first category comprises households that appear to make the first purchases of their lifetimes during the sample period. These households are identified as those that took a "long time" before making a purchase in the sample period.
Of course, we need to define "long time." We will do this as follows. A household's purchase at time 1 t is considered to be its first ever if
For these households, we assume that they were not active purchasers until date 1 t . That is, we exclude them from the sample for 1 t t < . From date 1 t onward, we define their inventory at date t as follows: 
Continuing Buyers
The second category of households comprises those that made initial purchases prior to the start of our sample period. These are households for whom
For these households, we assume that Table 1 and 2 provides the summary statistics for households and products, respsectively, for two samples. The first sample (for PC1) based on the sample selection criteria listed at the beginning of this section. The second sample (for PC2) based on selection criteria (a)-(c) and (d') households need to purchase at least 5 times and less than 50 times during the sample period.
The reason why we consider using (d') is because some households purchases diapers so infrequent that they probably are not regular diaper shoppers, or they purchase diapers too often that they might be buy the diapers and then resell them. Using (d') instead (d) may reduce the chances that our results would be contaminated by these nonstandard diapers shoppers. We estimate our model based on these two samples and present our results in the next section.
Estimation Results
Table 3 presents the main estimation results obtained by estimating our price consideration model (PC), using scanner data for the diaper category. We use simulated maximum likelihood to estimate the model. 7 The number of simulated draws we used is 200.
As explained above, we estimated the model based on two samples, and the results are reported under PC 1 and PC 2, respectively. Their results are very similar. As expected, the ad and display variables both have significant positive coefficients in the brand specific utility functions in both set of results. Both PC 1 and PC 2 find evidence that state dependence is statistically significant. The coefficients on GL are 3.17 and 2.90, and the estimates imply a value of (1-δ), 7 Early pioneering works that use Monte Carlo methods to integrate out unobserved heterogeneity when forming the likelihood or GMM objective function include Pakes (1986) , McFadden (1989) and Keane (1994) . Train (2003) provides an excellent introduction to this estimation approach.
the coefficient on the purchase dummy, of around 0.1. Therefore, e.g., in PC1 a lagged purchase raises the next period utility for buying a brand by about 0.317.
PC1 and PC2 imply different average price coefficients, e.g., at the mean household size and income, the average price coefficients are, -0.038 and -0.063, respectively. The fact that the average price sensitivity is lower for PC1 is not surprising because the additional households included in PC1 only make 7 purchases on average, much lower than the overall averages (which are 12.7 and 14.2 for the samples used in PC1 and PC2, respectively). The economic significance of state dependence can also be seen by dividing the marginal utility of a lagged purchase by the average price coefficient, e.g., in PC1, it would be equivalent to the effect of a 0.317/0.038 = 8.3 cent price reduction (and 4.6 cent for PC2). Given that the mean prices are in the range of 19.8 to 27.9 cent, the state dependence effect appears to be quite important.
Now we turn to discuss the results for the probability of considering equation. The coefficients for household income (γ inc ) are negative. This indicates that the higher the income, the less likely one would consider buying diapers in any given week. One reason could be that households with more babies are more likely to have lower incomes, possibly because wives decide to stay home to take care of them to avoid paying for high child care expenses. This could lead to negative correlation between income and purchase frequency. The coefficients for household size (γ mem ) are positive. This could be due to similar reasoning explained above -the larger the household, the more likely it has more babies/kids who need diapers, and therefore on is no ad and display at all, and households have run out of diapers, the "average" (for an average household) probability of considering the diaper category would be 0.69 and 0.75 for PC1 and PC2, respectively. The coefficients for inventory levels are all negative and significant but for alternative 5, which represents other small brands and has the least significant parameter. This indicates that in general the higher the inventory level, the less likely consumers would consider buying diapers.
Now we turn to discuss the rankings of brands based on (i) the revealed preferences data, and (ii) the brand specific inventory effects. According to the second stage brand choice model from PC1 and PC2, the revealed preference data indicates that in consumers' mind, the average perceived quality ranking (i.e., α j 's) is: Huggies > Pampers > Store Brand > LUVS. 9 However, the brand-specific inventory effects in the category considering stage (i.e., On one hand, consumers perceive Huggies as the best brand. On the other hand, it is the worst in terms of durability! This result suggests that consumers could be seriously misinformed about the actual product quality in the diaper market. In particular, we should emphasize that the market share for LUVS is the lowest among all four alternatives. It is possible that many consumers have never tried or experimented LUVS and therefore do not learn that it has the highest durability. The fact that the prices of LUVS are usually much lower than Huggies (22.3 vs. 26.9 cent per diaper on average) also suggests that consumers could potentially gain a significant amount of savings by switching from Huggies to LUVS.
Extensions and Limitations
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In this section, we discuss several limitations of our results at this point. First, it is possible that households who are price sensitive may also tend to change diapers less frequently for their babies/kids in order to save money. Since LUVS's average prices are lower than Huggies/Pampers, it seems likely that the price sensitive households are also more likely to choose LUVS. This self-selection problem may lead to the inventory coefficient for LUVS to be biased downwards (i.e., making its estimate to be more negative than its true value).
Nevertheless, we should note that the average price of Pampers is very close to Huggies (28 vs.
27 cent per diaper). Therefore, we expect that the self-selection problem should not influence the durability ranking of these two brands much. So their contradictory rankings (Huggies > Pampers according to α j 's vs. Pampers > Huggies according to j inv γ 's) still suggest that consumers may be misinformed about the true quality of these two brands, even though one may be skeptical about the estimated inventory effects for LUVS.
One way to address this self-selection problem is to allow for unobserved heterogeneity in the price coefficient, and allow it and the brand intercepts (α ij 's) to be correlated with the intercept term in the first stage equation (γ io ). This should at least partially control for the possible correlation of individuals' preferences for brands and their usage patterns.
Another limitation is regarding the interpretation of our estimates. The inventory effect estimated in the first stage equation allows us to measure the durability of a brand. Nevertheless, other than durability, there are other dimensions of quality (such as comfort, fit, etc.) that the inventory coefficients may not be able to capture. So it is possible that Huggies has characteristics other than durability that justifies its position in consumers' mind.
Last but not least, it might be worth experimenting different approaches to model brand specific inventory effects. One alternative approach is to introduce the idea of effective unit for each brand, π j , and model the inventory variable as follows.
In this approach, we need to estimate π j 's. But instead of having brand specific inventory effect, there will only be one coefficient for the inventory in the first stage equation. The estimated π j can be interpreted as a measure of the durability for brand j. This approach is more elegant, but it will certainly increase the computational burden of estimating the model. Note that the inventory variable needs to be generated during the estimation and it changes as we search over π j 's.
Conclusion
In this paper, we argue that observed consumers' inter-purchase times contain information on the durability of brands, and the PC model proposed by provides an unified framework for us to estimate the subjective measure of perceived quality based on revealed preference data, and the objective measure of quality based on the brand specific inventory effects. By estimating our model using scanner data of the diaper category, we find evidence that consumers might be misinformed about the quality of different brands in this market. Nevertheless, as we noted above, more robustness checks are required to confirm our results. 5,628 *Household income ranges from 3 to 27: 3=under $5,000; 4=$5,000-7,999; 6=$8,000-9,999; 8=$10, 000-11,999;10=$12,000-14,999;11=$15,000-19,999;13=$20000-24999;15=$25000-29999; 16=$30,000-34,999; 17=$35,000-39,999; 18=$40,000-44,999; 19=$45,000-49,999; 21=$50,000-59,999; 23=$60,000-69,999; 26=$70,000-99,999 ; 27=$100,000 & over. 
